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Abstract
In this study, a database of approximately 50 million tweets was used for the estimation of the positive and negative senti-
ment factors for 2557 companies operating in US stock market. For each company, the sentiment factors were calculated 
through the mean equations on GARCH models of different orders. Our findings show that, for 503 companies the negative 
factor effect has a greater impact than the positive factor effect. The period analyzed was from October 2022 to January 2023, 
using hourly observations. Results provide evidence to support that there is an asymmetric effect from the factors traveling 
to the stock market and it takes at least an hour the signal to travel. The investors and regulatory agents can find useful the 
results given that news has been demonstrated a source of influence in the market. Therefore, news impact can be modeled 
into portfolio theory using GARCH which is easy to implement and to interpret. Given the exposure of prices and volatility 
to news, it can be considered that these findings provide evidence to support efficient market hypothesis. Modeling returns 
and volatility for the assets through GARCH family is a widely known tool. Including the news sentiment on social media 
is dually a novelty: the empirical demonstration of the effects of social comments on the stock performance and volatility, 
in addition to the use of a large data set of social network comments in an hourly frequency.

Keywords Computational Thinking · Natural Language Processing · Sentiment Analysis · High Frequency Trading · 
Computational Complexity · Data Mining

1 Introduction

A recent research topic is defined through the impact of 
the textual analysis on the prices of stock prices of com-
panies which receive comments in social media. Twitters 
provoke an important influence on stock prices given that 
many persons are participating with different opinions and 
all participants are informed of the rest of the opinions. The 
analysis of text and sentiment has been applied in different 
contexts, health in Corti et al. (2022), presidential elections 
Ali et al. (2022), forecasting short-term prices of stock in 
Shen and Shafiq (2020), event detection in Kolajo et al. 

(2022) and consumer sentiment in Kaur and Sharma (2023). 
In the financial field, the efficient market hypothesis estab-
lished by Fama in 1965 recognizes the influence on prices 
of the information accessible to investors (Fama 1965). In 
this sense the mood of the investor has an impact of time 
series of prices and so we can say the psychological factor 
affect the investments of financial agents (Shiller 2003). The 
impact of news dissemination has two components: the size 
and the direction. In general, positive news has a positive 
impact on returns and negative news has a negative impact 
on returns, see (Shiller 2003; DeGennaro and Shrieves 1997; 
Atkins et al. 2018; Audrino et al. 2020; Ren et al. 2020; Li 
et al. 2014). Sentiment not only has this impact on prices, 
but there also exists an asymmetric effect, i.e., negative news 
has a stronger impact than positive news (Mendoza-Urdiales 
et al. 2022). Moreover, an important issue is the prediction 
of prices using social sentiment. 

A challenge emerges to investors and risk managers given 
that the information available and necessary to include in 
decision making process has been increasing exponentially 
in volume and the decision time reduced In particular, 
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Twitter for many of the financial markets’ actors is one of 
the most popular and accepted methods to deliver and gather 
relevant information to the general public.

There are documented cases in which a fake news affects 
the stock price of companies. One recent relevant example 
is from last November 12, 2022, in which a fake Eli Lilly 
(Major insulin provider) Twitter account claimed that insu-
lin was free. The announcement was not well received by 
investors; consequently, the stock price of the company fell 
4.37%.1 Going further, we can observe that even when a 
“positive” announcement was given, with initially mostly 
positive responses and fewer negative comments, the nega-
tive impact in the stock price supports the hypothesis in 
which the negative effects are greater than positive ones, an 
effect we have analyzed and presented in this study.

Additionally, the impact on the volatility of stock returns 
can be considered through the family of generalized autore-
gressive conditional heteroskedasticity (GARCH) models. As 
a contribution of this paper, we analyzed several models of 
this family with different lags for 2,557 companies in stocks 
exchanges of the US economy. Most of these companies have 
showed that the returns are affected in an asymmetric way 
using models like EGARCH and APARCH. Over 50 million 
tweets were extracted, analyzed, and categorized for a period 
of 4 months (850 hourly observations) to create negative and 
positive sentiment factors, which were used as independent 
variables in the mean equation of the GARCH models.

The objective of this study is to use all public available 
information mentioning the companies’ tickers and measure 
the sentiment. With it, calculate the total exposure of each 
company performance to its corresponding sentiment factors 
(positive and negative) independently from the rest of the 
companies. Finally, the questions to answer are:

1. Is it possible to separate positive and negative sentiment 
for each company and calculate the exposure to each 
factor using GARCH models?

2. Is there an asymmetric effect between negative and posi-
tive factor?

3. Increasing the dataset to all the available information 
allows to increase the frequency of the observations? If 
so, does the signal takes less than an hour to travel from 
social media to the stock market?

The rest of this paper is structured as follows. “Related 
work” section introduces related works. “Problem defini-
tion” and “Method” sections represent the proposed meth-
odology. “Results and discussion” section shows experi-
mental and evaluation of the proposed method. Finally, 

“Conclusion” section concludes the paper and gives some 
future research directions.

2  Related work

Before the emergence of social networks, the question of 
the effect of news on the stock prices has been studied in 
the financial literature. For example, in Chan (2003) bad 
news is followed by a strong drift return using headlines 
about individual companies. Antweiler et al. (2004) studied 
the influence of messages in Yahoo! Finance and Raging 
Bull on 45 Dow Jones Industrial Average stock prices. The 
main finding is the existence of influence on market return 
and volatility but without predictive capability. In Dougal 
et al. (2012) it is shown that returns of Dow Jones Industrial 
Average (DJIA) can be predicted using a column from Wall 
Street Journal ( Abreast of the Market).

Tetlock (2007) developed an analysis of the relation-
ship between stock market and media (Wall Street Journal 
news) using the vector autoregressive technique. Similarly, 
consequences of negative words in Wall Street Journal and 
Dow Jones News Service on S&P500 earnings and returns 
are studied in Tetlock et al. (2008) using quantification of 
language.

More recently has been recognized the influence of social 
media on the prices. For example, a sentiment analysis by 
topic is applied in Nguyen et al. (2015) for prediction of 18 
stocks using support vector machine. In Daniel et al. (2017) 
the impact of popular events tweets on thirty companies of 
the Dow Jones Average is developed using sentiment analy-
sis and four algorithms, after filtering the noisy tweets.

In a theoretical model, Yang and Li (2013) showed that 
investors sentiment has impact on the asset prices and in 
Bollen et al. (2011) the mood in large scale set of twitters 
is used for prediction of the Dow Jones Industrial Aver-
age (DJIA) and some dimensions of sentiment cause in the 
Granger sense the DJIA. Applying a textual analysis which 
works in a phrase level, Boudoukh et al. (2012) showed a 
strong relation of this information with the change of prices.

Heston and Sinha (2016) used 900 thousand news stories 
to demonstrate that returns are predicted by this news and 
the predictability depends on the aggregation level of news. 
Daily news is useful for one or two days ahead. In a study 
of 181 altcoins prediction, Steinert et al. (2018) used senti-
ment analysis to show the prediction of such altcoins prices.

In Derakhshan and Beigy (2019) support vector machine 
algorithm is used to demonstrate the level of prediction of 
stocks using sentiment and in Yang and Wu (2021) an asset 
pricing model is developed showing that public information 
has an impact on the sentiment of investors and the senti-
ment investors has an impact on asset price.

For the period of COVID Outbreak, Das et al. (2022) 
showed for the case of Nifty-50 data that the level of 

1 Fake Eli Lilly Twitter Account Claims Insulin Is Free, Stock Falls 
4.37%. Source: https:// www. forbes. com/ sites/ bruce lee/ 2022/ 11/ 12/ 
fake- eli- lilly- twitt er- accou nt- claims- insul in- is- free- stock- falls- 43/? 
sh= 6e45d 51a41 a3.

https://www.forbes.com/sites/brucelee/2022/11/12/fake-eli-lilly-twitter-account-claims-insulin-is-free-stock-falls-43/?sh=6e45d51a41a3
https://www.forbes.com/sites/brucelee/2022/11/12/fake-eli-lilly-twitter-account-claims-insulin-is-free-stock-falls-43/?sh=6e45d51a41a3
https://www.forbes.com/sites/brucelee/2022/11/12/fake-eli-lilly-twitter-account-claims-insulin-is-free-stock-falls-43/?sh=6e45d51a41a3
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accuracy is better when mood is combined with news head-
lines together stock data. Using snapshots of information and 
sentiment time series Anbaee Farimani et al. (2022) studied 
the impact on price prediction for EUR/USD, GBP/USD, 
USD/JPY32 and BTC/USD.

In Figà-Talamanca and Patacca (2022) a study of the 
impact of textual content of newspapers or social media post-
ings on the return and variance of components of S&P500 
using a GARCH family approach is studied. In Jiang et al. 
(2021) a GARCH model including Baidu index is used to 
forecast the returns of Chinese stock during the COVID-19 
period. The Baidu index affects the sentiment of the inves-
tors and therefore has an influence on the stocks returns.

In our paper we applied GARCH-type models to take into 
account the variance equation together the inclusion of the 
positive and negative indexes in the equation of the mean 
similar to the sentiment impact on variance developed in 
Olson and Nowak (2020) for Dow Jones Average using a 
GARCH (1,1) model and Mendoza et al. (2022) for a sample 
of 24 companies over a 10-year period.

2.1  Problem definition

Our previous example in which the stock company was 
affected by a fake account could be an indicator that the 
public has been increasingly relying in social networks for 
collecting information. The reviewed literature presented 
studies that contribute empirical evidence and some mod-
els that measure the impact of the social sentiment in the 
stock market behavior. Some of these studies do so in small 
periods of time and the ones with large time frames use 
relatively small tweets/companies’ samples (i.e., Mendoza 
et al. 2021, 2022). The initial problem to solve in this study 
was, if the total universe of comments mentioning a large 
number of companies would allow clearer results regarding 
the sentiment factor impact in the stock returns. As a second-
ary hiatus was, the larger dataset would allow to measure in 
greater frequency the impact of social sentiment factor in the 
stock returns and calculate the asymmetric effect. In Fig. 1, 
it is presented financial information of company Nvidia con-
sulted in Twitter.

2.2  Methodology

Before the emergence of social networks, there have been 
papers relating sentiment expressed in texts from financial 
news like Chan (2003), Antweiler et al.(2004) and Dougal 
et al. (2012) with prices and predictions of these prices. In 
a very outstanding way Tetlock (2007) and Tetlock et al. 
(2008) applied an econometric with the same objective. Sim-
ilar to our paper, these papers studied language to translate 
it into a variable which can be related to the stock market 

prices. However there have been big changes and chal-
lenges in the diffusion of news with the emergence of social 
media like twitter. Analogously to our paper, Boudoukh 
et al. (2012), Heston and Sinha (2016), Steinert and Herff 
(2018), Derakhshan and Beigy (2019) and Das et al. (2022) 
among others used different econometric and machine learn-
ing techniques to show a link between news and stock prices 
in the financial markets. Moreover, in this paper an hourly 
frequency of twitter is applied to find an asymmetric effect 
of negative news respect to the positive news.

In Mendoza et al. (2022), it has been established a causal 
relationship between the social sentiment factor and the 
returns for a small sample of companies over a long period 
of time. Extracting the top 1% of the comments mention-
ing 23 companies, in this study, the approach will be to an 
increased number of companies using the total universe of 
comments in English language, allowing us to measure the 
sentiment factor impact in hourly observations, instead of 
the original daily observations. In Table 1, we summarize 
the difference between both studies.

The framework utilized in this study is presented in 
Fig. 2; it is the automated process designed for the extraction 
of the data, sentiment calculation, time series construction of 
quantitative and qualitative data and GARCH simulations.

2.3  Variable selection

It has been defined in the previous section the asymmetric 
effect of behavioral finance we are aiming to capture and 
measure for the equity market. In this section we will focus 
on the experiment design.

Approximately 60% of the total capital being traded in 
the world is concentrated in USA, for which we will focus 
on companies based there. We have selected 2,557 compa-
nies that represent approximately 85% of US equity markets 
and extract all the English language comments that mention 
each company ticker in Twitter ($ + Ticker). Another way 

Fig. 1  The use of the Social Network Twitter for stock market moni-
toring has increased in the last years. Source: https:// twitt er. com/ 
search? q=% 24NVD A& src= typea head_ click. Accessed on Feb 9, 
2023

https://twitter.com/search?q=%24NVDA&src=typeahead_click
https://twitter.com/search?q=%24NVDA&src=typeahead_click
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the tickers are identified in the social network is cashtag, a 
variation from hashtag. With this selection criteria, we are 
covering approximately 50% of the global equity markets.

2.4  Data extraction

Twitter API tool was used to extract the data through Aca-
demic Research Access, and RStudio was the software used 
for this purpose. The rtweet package version 0.7.02 was used 
to perform the requests of the 2,557 companies analyzed in 
the present study. The requests need to be configured accord-
ingly and will be explained next:

(a) Type of request. – The rtweet package has differ-
ent types of requests according to the level of access 
granted from Twitter. The most common type of acces-
sibility is the “search_tweets” requests which covers up 
to 7 days before the extraction with a maximum volume 
of 500,000 tweets.

(b) The search term or terms. – We are looking for all the 
tweets mentioning each company ticker(cashtag) which 
is constructed ‘$’ + ’Ticker’.

(c) Number of tweets (n). -The maximum number of tweets 
that the requests can extract, and the limit desired for 
the consultation, we always requested the maximum 
allowed which is 500,000 (n = 500,000).

(d) Tweet language (lang). – We are focusing on the Eng-
lish language tweets (lang = ’en’).

(e) Tweet mode (tweet_mode).—Originally the tweets 
were capped at 140 characters but by now it has been 

extended to 280. By requesting the extended version of 
each tweet (tweet_mode = ‘extended’), we are ensuing 
that the full text is extracted for each tweet.

Additionally, the retryonratelimit = TRUE option was 
selected to persist the request to ensure that the full dataset 
was extracted. This request was performed for each company 
ticker systematically each week at the same hour, to make 
sure that all the comments were captured. In Fig. 3 we pre-
sent the code used to extract the tweets using RStudio.

For the companies’ financial data extraction, we used 
Refinitiv Eikon API3 (library: refinitiv-data) in Python. It is 
important to mention that there exists a difference between 
a company’s Ticker and RIC.4 Refinitiv software requires 
to the request to be in RIC form. The full table with the 
companies’ names, tickers and RICs in in the repository. 
The requests need to be configured accordingly and will be 
explained next:

(a) Type of request. – For eikon the request type for time 
series is get_timeseries.

(b) The search term or terms. – The company RIC, which 
is the American stock market Ticker.

(c) Interval. – Frequency of observations. The elected 
interval is hour.

(d) start_date. – Starting date of data extraction.
(e) end_date. – Ending date of data extraction.

The period selected for extracting the data was from 
October 1, 2022, to Jan 1, 2023, in which both the tweets 

Table 1  Evolution of data 
sampling and comparison 
between approaches

Previous Study Current Approach

Number of companies 24 2,557
Time period 10 years 120 days
Frequency of observations Closing daily price Closing hourly price
Extraction criteria Top 1% of comments Total number of comments
Companies 83% 93%

Fig. 2  Framework used to model sentiment factor for each company

2 rtweet is an R package of free Access to extract Twitter data via 
its API. For further information please visit: https:// cran.r- proje ct. org/ 
web/ packa ges/ rtweet/ rtweet. pdf

3 Refinitiv https:// devel opers. refin itiv. com/ en/ api- catal og/ eikon/ 
eikon- data- api
4 RIC.

https://cran.r-project.org/web/packages/rtweet/rtweet.pdf
https://cran.r-project.org/web/packages/rtweet/rtweet.pdf
https://developers.refinitiv.com/en/api-catalog/eikon/eikon-data-api
https://developers.refinitiv.com/en/api-catalog/eikon/eikon-data-api
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were extracted from Twitter API and the hourly observations 
of the closing stock prices were extracted from Refinitiv 
API. This concludes the extraction section, dealing with the 
rounding of the observation’s hours and time zones trans-
formation will be addressed in the Time Series Construction 
section. In Fig. 4, we present the code used for extracting 
the stocks financial information from Refinitiv Eikon using 
Python.

2.5  Sentiment analysis

Having obtained the data samples for our dependent (stock 
prices) and independent variables (tweets), in order to run 
some statistical analysis, data transformation from qualita-
tive form into quantitative using automated processes was 
needed. Python was the language in which a natural lan-
guage processing algorithm was coded, and the library used 
for said task was TextBlob5.This library calculates the sen-
timent by breaking each text analyzed individually into the 
words that compose the text. Single letter words are ignored 
and for the rest of the text, a numeric value is given for each 
word that is already assigned inside the library, a value for 
polarity and subjectivity. When composed expressions are 
used (i.e., ‘very1 great2’), the library recognizes the empha-
sizing word ‘very’ that precedes ‘great’, for which polarity is 
ignored and multiplies the intensity for the following words 
polarity.

This library was selected given that it includes interpreta-
tion of popular abbreviations and emojis, which are heavily 
found in tweets. Additionally, comparing the results with 
other libraries such as Vader, the results show Textblob has 

more sensibility to the common language found in social 
media.

In addition to the existing algorithm, helping the software 
in cleaning each tweet phrase, we improved the technique 
changing abbreviations to the full extent of the words (i.e., 
‘ive’, to ‘I have’, ‘im’ to ‘I am’, etc.); this step was very 
needed since the abbreviation of words is very common in 
twitter given the limited space for each tweet (280 charac-
ters). Given that for words that the library does not detect 
or identifies, the resulting assigned value is zero. By clean-
ing each tweet, we reduced considerably the margin error. 
Example, we have taken a real tweet from November 10, 
2022 (Fig. 5):

“We are excited to announce insulin is free now.”

We can understand that the user is stating that the com-
pany Eli Lilly would start giving away insulin. This is the 
example mentioned in the introduction section in which a 
fake message was delivered affecting the stock price of Eli 
Lilly. The first step is to clean the tweet from characters 
other than letters and from abbreviations. The algorithm 
returned the clean sentence:

“we are excited to announce insulin is free now.”

The second step the algorithm breaks the tweet in sen-
tences and words:

[Sentence ('we are excited to announce insulin is free 
now')]
WordList(['we', 'are', 'excited', 'to', 'announce', 'insulin', 
'is', 'free', 'now'])

Finally, it analyzes the polarity and subjectivity for the 
sentence adding the individual score for each word. The 
individual score is also prerecorded in the library.

Sentiment(polarity = 0.3875, subjectivity  =  0.775)

Fig. 3  Request form for Twitter API using rtweet package in RStudio. This was performed on a weekly basis for each of the 2,557 companies. 
Source: https:// cran.r- proje ct. org/ web/ packa ges/ rtweet/ rtweet. pdf. Accessed on Feb 9, 2023

Fig. 4  Request form for Refinitiv API using eikon library in Python

5 Textblob is a Python library that is used for sentiment analysis, 
which calculates sentiment polarity and subjectivity. Source: https:// 
textb lob. readt hedocs. io/ en/ dev/. Accessed on Feb 9, 2023.

https://cran.r-project.org/web/packages/rtweet/rtweet.pdf
https://textblob.readthedocs.io/en/dev/
https://textblob.readthedocs.io/en/dev/
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The result for this example was a polarity (P) = 0.3875 
meaning that it has a 38.75% of positivity according to our 
algorithm. The sentiment analysis process was applied for 
each tweet in our extracted data.

2.6  Time series construction (pairing qualitative 
and quantitative data)

Having extracted the data from Twitter and Refinitiv and 
calculated the Sentiment for each tweet, pairing qualitative 
and quantitative data is performed in 4 steps:

(1) Matching time zones across all datasets According to 
the API configuration of Twitter API, the date format 
is configured to UTC time zone. It was necessary to 
transform it to US/EST time, which is the time zone in 
which NYSE operates. Additionally, the date format 
of Refinitiv API is GMT, which was also needed to be 
transformed into US/EST time zone. With the previ-
ous date and hour homologation it is ensured that the 
matching of sentiment and financial data is correctly 
done.

(2) Rounding hours in continuous distribution data 
Another consideration before pairing the sentiment 
and financial data is rounding to the hour the senti-
ment data. The raw form in which the data is extracted 
from the API is to the millisecond, but which rounding 
criteria is a fair question to be answered. The usual 
way would be to the nearest hour, but this presents a 
problem given that if you have a comment at 15:17, 
rounding to the closest hour (15:00) would pair the 
observation to a stock return prior to the comment 
occurring. By rounding to the ceiling (16:00), the com-
ment occurrence is paired to the following stock return 
and would ensure that the causality from the sentiment 
is measured toward the company and not the other way 
around. In Table 2 we present the differences of result-
ing rounded hours between rounding to the nearest and 
the following hour (ceiling).

(3) Grouping of sentiment data by date and company Hav-
ing transformed the data time to US/EST time zone 
and rounded the tweets hours to the next hour the time 
series creation was performed. If the tweet polarity 
is < 0, it is labeled negative N, if its polarity is > 0, it is 
labeled positive P. After labeling all the tweets, they 
are aggregated by date t, creating the time series N for 
negative tweets and P for positive tweets. The stock 
price return R for date t is calculated by subtracting the 
closing price S of t-1 from the date t. The same notation 
of (Mendoza et al. 2022) is used as follows:

(1)Nt =

i∑

n=1

xn

(2)ZNegt =
Nt − �N

�N

(3)Neg =
[
ZNegt, ZNegt+1, ZNegt+2,…

]

(4)Pt =

i∑

n=1

yn

(5)ZPost =
Pt − �P

�P

(6)Pos = [ZPost, ZPost+1, ZPost+2,…]

(7)Rt = St − St−1

(8)ZRt
=

Rt − �R

�R

(9)R =
[
ZRt

, ZRt+1
, ZRt+2

,…
]

Fig. 5  Tweet from a fake account impersonating Eli Lilly, major insu-
lin provider

Table 2  Apple test grouping 
difference between nearest and 
ceiling methods. This ensures 
that the sentiment observation 
is paired with the closing price 
return that affects

Hour Nearest Ceiling

15:48 16:00 16:00
15:48 16:00 16:00
15:48 16:00 16:00
08:16 08:00 09:00
13:38 14:00 14:00
11:42 12:00 12:00
11:30 12:00 12:00
10:15 10:00 11:00
12:15 12:00 13:00
17:18 17:00 18:00
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(4) Pairing Qualitative and Quantitative data. Neg and 
Pos, calculated in Eqs. (3) and (6), are what we have 
introduced as negative and positive factors. These fac-
tors then are paired with their respective hourly closing 
price return (R, developed in Eq. 9) of each company. 
Here is where we have matched qualitative (sentiment 
factors) with quantitative (stock returns).

(5) Substituting observations with no comments. After 
constructing the time series sentiment factors (Pos and 
Neg) and R for each company and paired by US/EST 
date (YYY-mm-dd hh:mm), the companies were cat-
egorized by percentage of hours with no comments. 
Even when for every company all the comments were 
extracted, and the index was constructed by using 
hourly observations, there would be a percentage of 
companies with periods of time with no comments 
due the varying levels of attention that companies get. 
Meaning, that a controversial company such as Apple 
or Tesla would have a greater volume of tweets than 

(10)Tt = Nt + Pt

(11)ZTt =
Tt − �T

�T

(12)T =
[
ZTt , ZTt+1 , ZTt+2 ,…

]

(13)ACWIt = ACWIt − ACWIt−1

(14)ZACWIt
=

ACWIt − �ACWI

�ACWI

(15)ACWI =
[
ZACWIt

, ZACWIt+1
, ZACWIt+2

,…
]

a less controversial company, such as Starbucks. For 
that, the companies were grouped in 3 clusters, the first 
cluster with no comments in (d): 0%> d %≤ 10% of 
the observations. The second cluster with 10%> d %≤ 
20% and the third cluster with 20%> d %≤ 30%. All the 
companies with no comments and thus no sentiment 
calculated in greater than 30% of the observations were 
discarded, keeping 556 of the original 2557.

This modification was introduced given that in our previ-
ous studies when there were zero comments on an observa-
tion, the sentiment was considered to be zero, which intro-
duces a limitation because in the sentiment definition, zero 
means that there is indeed a comment with sentiment zero, 
meaning that the commentary is neutral. This could have 
introduced unnecessary noise to the results in our previous 
studies. By ensuring that in every observation there is a 
number of comments, the noise is at mitigated, or reduced.

In Fig. 6, it is presented the average distribution of tweets 
for Tesla during the analyzed period in which the volume of 
tweets follows a cyclical behavior. This trend was bench-
marked to filling periods of time with no comments, mean-
ing that for each company the average number of tweets, 
negative and positive factors were used to fill periods of time 
with no comments. As an example, if for a Monday at 14:00 
there were not negative and positive factor observations for 
Starbucks, because there were not observations, the empty 
spaces were filled using the average negative and positive 
values of all the Monday 14:00 observations of Starbucks, 
this process was replicated for the 556 companies.

2.7  GARCH simulations

To present a proposal for measuring the direction and per-
centage of stock returns that is affected by movement in 
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negative and positive factors, we fitted a GARCH model for 
each company (c) using their corresponding sentiment fac-
tors in addition to the number of tweets and returns of ACWI 
(ACWI is an index that represents the performance of the 
world global stock market, named All Country World Index 
created by MSCI). The mean equation can be written as:

Several GARCH models were created for each company 
by using all possible combinations of the orders and distri-
butions until there was found a feasible solution, addition-
ally, the companies that solution met the asymmetric effect, 
in which negative factor coefficient (having negative sign) 
was in absolute terms greater than the Positive Factor coef-
ficient (having positive sign). Three different specifications 
were found for the companies’ data. The GARCH, EGARCH 
and APARCH (p,q).

Variance equation for each case is:

Variance equation for EGARCH (p,q)

Variance equation APARCH (p,q)

3  Results

Of the 2,557 analyzed companies and calculated senti-
ment factors paired with the hourly closing stock price, the 
companies with less than 30% of missing observations—
independently of the reason for this—were selected for the 
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GARCH modeling. Finally keeping 556 companies divided 
in three clusters presented in Table 3:

Of the 556 companies selected for the GARCH modeling, 
there were feasible solutions for 539 cases, in which 93.32% 
of the cases the asymmetric condition in which the nega-
tive factor coefficient (with negative sign) absolute value 
was greater than the positive factor coefficient (with positive 
sign). An interesting characteristic of the results is that the 
success rate is higher for the clusters with fewer missing 
observations. In Fig. 7, the R squared for the 503 companies 
is presented as a distribution chart; it can be appreciated that 
the solutions fitted models ranges up to 50%, but the major-
ity are concentrated between 10 and 30%.

In Table 3, we present the solution for each company; 
it can be observed that the models orders and distributions 
were included, in which the solutions volatility equations 
varied between GARCH, EGARCH and APARCH. An 
Important remark is that in previous works, the sentiment 
factors were calculated using daily observations. In this case, 
we have been able to measure the asymmetric influence in 
hourly observations, meaning that the velocity in which the 

Table 3  Summary of results 
according to missing data 
clustering criteria. It can be 
observed that the fewer missing 
data, the higher is the success 
rate

a The aim of this study is to fit a model that satisfies that the negative factor negatively influences the stock 
performance in a greater way than positives influence from the positive factor

Cluster Missing data (d) Companies Feasible solu-
tion

S.F. condition 
 meta

Success rate 
(%)

1 10% ≥ d 216 209 199 95.22
2 20% ≥ d > 10% 168 162 151 93.21
3 30% ≥ d > 20% 172 168 153 91.07
Total 556 539 503 93.32

Fig. 7  R Squared distribution for the 503 companies that GARCH 
model found a feasible solution and the sentiment factor conditions 
met, in which the negative factor (Neg -with negative sign-) had an 
absolute value greater than positive factor (Pos -with positive sign-)
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sentiment travels from the social network to the stock market 
occurs under an hour.

Another remark is that in all our studies, the sample data 
from social networks the volume of positive comments is 
greater than the volume of positive comments. And even 
with this disbalance between the data, the models have cap-
tured the asymmetric effect. In Fig. 8, there is presented 
the percentage of positive tweets versus negative tweets 
for Tesla (Ticker TSLA) in which the mean equation for an 
EGARCH model that satisfied the sentiment factor asym-
metry resulted:

In which the negative factor has an impact nearly 10 times 
as greater than positive factor. This effect has been present in 
our two previous studies. Let us recall that we are working 
with hourly observations in this study and that the volume 
of tweets is somewhat large at this point.

4  Discussion

There is still debate in academia regarding how to measure 
the signal from social networks to stock market performance. 
In this study, consistent with our two previous works, we have 
been able once again to measure the impact of negative and 
positive factor sentiment in stock market for a wide number of 
companies. Compared to Olson and Nowak (2020), in which 

RTSLA = −0.056 + 0.018TTSLA − .0007NegTSLA

+ .00008PosTSLA + 0.48ACWITSLA + uTSLA

the authors measure the negative and positive impact based on 
negative and positive word count for panel data for the Dow 
Jones average performance. In this case we have been able to 
breakdown the effect to each company analyzed and create an 
individual sentiment factor.

In this study it is presented a methodology to measure 
the level of overreaction to negative news through the Nega-
tive sentiment Factor and that the signal travels as fast as an 
hour. The econometric model used is around GARCH fam-
ily showing the asymmetric impact of news on the returns 
of stock prices. These effects have been recognized to exist 
showing that negative news tend to have a greater impact on 
the dependent variable than positive news. For the case of the 
firms reported in our paper, this stylized fact is found in the 
modeling of the variable of sentiment divided into positive 
and negative mood related to the prices (returns) of the stocks.

The present study is useful for the investors and regulators 
given the insights for the impact on portfolios which involve 
stocks and want to investigate for possible sources of returns 
and risk in the financial markets. As limitation here we used 
a member of the GARCH family. However, other models are 
more general like Markov switching GARCH, i.e., change of 
regime models to study the changes in the dynamic of princes/
returns.

5  Conclusion

In this paper we have gone through the full framework that 
we have developed. To clarify, having coded the full pro-
cess, it was a matter of automatizing the routines to have the 
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extraction, transformation, analysis, and summarization on 
a constant basis without major intervention.

Starting from the premise that there exists influence of the 
social networks in the stock markets, the natural next step 
would be to measure negative and positive impact aiming 
to capture the asymmetric effect. This research concludes 
that there is influence from the social network into the stock 
market and reaffirms our proposed factor calculation meth-
odology in a previous work (Mendoza et al. 2022, 2021), the 
data sampling from top tweets to all available was increased 
and the stock companies from 24 to 2,557. Additionally, the 
frequency was increased from daily to hourly observations.

Another remark is that even when the volume of positive 
comments is on average 4 times as larger as the volume of 
negative comments, the impact of negative comments is as 
greater as 10 times than the positive comments. Addition-
ally, if there exists persistence of negative comments, the 
affectation in the stock price keeps constant. Meaning that 
a single volume of very negative comments won’t hurt a 
company price more than a constant not so negative flow of 
comments over a longer period of time.

Finally, we conclude with the success rate increase from 
83% to 93% versus our previous work, meaning that for 503 
of the 539 companies, it was possible to capture the asym-
metric effect of negative and positive factor. At last, but not 
least, the speed at which the sentiment travels from the social 
network toward the stock market can be measured in under 
an hour.

Limitations of this work are the complication to extract 
and structure the enormous amount of information in time to 
make managerial decisions. Additionally, the access to the 
data given the acknowledgement of its importance by the 
managers of social media has been restricted over the last 
years. Policy implications are multiple, starting from includ-
ing the analysis of a company popularity to make informed 
decisions, as to how can managers of the companies being 
mentioned in social media control their image to the general 
population. Future studies can focus in optimizing the senti-
ment and text trends extraction to capture further hidden data 
important for decision makers. Additionally, optimizing the 
data processing allowing managers to make decisions faster 
with more accurate information.
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